Introduction
[2] Soil hydraulic parameters are significant components for many hydrological, meteorological, and general circulation models [Hansen et al., 1999; Mohanty et al., 2002; Mohanty and Zhu, 2007] . They are used to define the soil hydraulic properties in the vadose zone, characterizing the effective hydraulic behavior of the soil system [Wood, 1994; Vrugt et al., 2004] .
[3] With the objective of exploring the utility of remote sensing of soil moisture for deriving soil hydraulic properties at aggregate scale, Ines and Mohanty [2008a , 2008b , 2009 tested the hypothesis that near-surface soil moisture assimilation scheme can be used to quantify effective soil hydraulic properties of an ''effective'' soil column based on the inverse modeling. The effective soil column is a 'homogenous' conceptual representation of a real-world soil column (composed of soil horizons) characterized by effective soil hydraulic properties. The inverse method using near-surface soil moisture assumes that any perturbations made at the near-surface soil layer could influence the soil moisture dynamics at the subsurface and hence can inform the estimations of subsurface soil hydraulic properties. The effective soil hydraulic properties serve as ''average'' properties of the system. Ines and Mohanty [2008b] however found that if the system is highly heterogeneous, the assumption of effective soil column could fail.
[4] Understanding of how soil vertical layering might affect soil moisture exchange and soil hydraulic parameter estimations is therefore important. Significant efforts have been made to account for the impact of soil heterogeneity on field soil moisture contents. The soil hydraulic conductivity, moisture content, and soil hydraulic parameters are variable at the field scale [Nielsen et al., 1973; Stockton and Warrick, 1971; Mohanty, 2012a, 2012b] . Bosch [1991] studied an analytical expression for forecasting (potential) errors by using point observation of the matric potential (h) to determine the average matric potential (h) in a heterogeneous column. The instantaneous profile method suggested by Green et al. [1986] can be used to measure hydraulic conductivities (K(h)) at field-scales [Rose et al., 1965; van Bavel et al., 1968; Nielsen et al., 1973] . This method involves measurement of moisture content () and matric potential (h) throughout the profile.
[5] Zhu and Mohanty [2002] reported various hydraulic parameter averaging schemes and the mean hydraulic conductivity for predicting the mean fluxes in the horizontal heterogeneous blocks under steady state of infiltration and evaporation using Gardner-Russo exponential model [Gardner, 1958] and the Brooks-Corey model [Brooks and Corey, 1964] . The effective hydraulic parameter estimations were related to areal soil heterogeneity and land surface conditions such as root distribution and surface ponding depth [Zhu and Mohanty, 2003 . The soil hydraulic properties were also influenced by vertical heterogeneity (e.g., tillage practice, pore size distribution due to structural cracks and root development and decay, textural layering and geology), and parameter estimations could vary in the vertical direction [Mohanty et al., 1994; Mallants et al., 1996] . Although Mohanty and Zhu [2007] investigated effective soil hydraulic parameter averaging schemes for steady state flow in heterogeneous shallow subsurface useful to landatmosphere interaction modeling, not many studies have been carried out to explore issues for vertical subsurface heterogeneity associated with various soil types.
[6] In this study, we adopted a layer-specific soil moisture assimilation scheme for determining the soil hydraulic parameters in layered soil profiles. The main objective is to analyze the impact of soil layering associated with various soil textural combinations in the profile and to quantify the onedimensional soil hydraulic properties of different soil layers in the root zone (0-200 cm) based on the layer-specific soil moisture assimilation scheme. This work could be useful to characterize hydrologic systems that are instrumented to measure root zone soil moisture. Additionally, this approach may serve as a basis for developing futuristic analytical platforms to characterize vadose zone systems at regional and global scales by synthesizing profile soil moisture data collected using various ground-, air-, and space-based sensors of different spectral frequencies and penetrating depths.
Materials and Methods
2.1. One-Dimensional Layer-Specific Soil Moisture 2.1.1. Conceptual Framework
[7] The aim of the layer-specific soil moisture assimilation scheme is to estimate the soil moisture retention (h) and hydraulic conductivity K(h) curves in a layered soil column (e.g., 1st, 0-10 cm; 2nd, 10-60 cm; and 3rd, 60-200 cm) by optimizing the effective soil hydraulic parameters for each layer based on a simulation-optimization [Ines and Droogers, 2002] . As depicted in Figure 1 , the approach uses the soil moisture in the layers (here, we set up at 5 cm depth for the 1st and 2nd layers and at 10 cm depth for the 3rd layer) to estimate the layer specific soil hydraulic properties. The choice on locations of soil moisture measurements in the soil profile to be used in the simulation-optimization can be established in a more systematic way. Mathematically, the soil hydraulic parameters are obtained by finding a set of soil hydraulic parameter p such that the differences between observed i (t) and simulated i (t; p i ) soil moisture at soil layers i, are minimized ; where p ¼ p i¼1,. . .,M ; and p i is the corresponding soil hydraulic parameters in the individual soil layers. The choice of objective function is critical in inverse modeling; from sensitivity analysis (see section 3.3) we selected the additive absolute form (equation (1)) as it produced better results than other forms considered in this study (e.g., multiplicative and additive squared delta); Z(p) is the objective function, M is the number of soil layers, N is the time domain, and t is the index for time.
Description of the SWAP Model
[8] SWAP is a physically based model that simulates the processes of the soil-water-atmosphere-plant system [van Dam et al., 1997] . The soil moisture dynamics i (t) in the soil column can be described using the one-dimensional Richards' equation (equation (2)). SWAP model solves Figure 1 . (a) Schematic diagram of layer-specific soil moisture assimilation scheme (SWAP-GA linkage) based on inverse modeling, and (b) layered soil column. equation (2) numerically using the implicit finite difference scheme [Belmans et al. 1983 
where T pot is the potential plant transpiration (cm d
À1
), Z r is the rooting depth (cm), and w is a reduction factor as function of h (at depth z and time t) and accounts for water deficit and oxygen stress [Feddes et al., 1978] .
[9] The soil hydraulic functions are described by analytical expressions of van Genuchten [1980] where S e is the relative saturation (À), res and sat are the residual and saturated water contents (cm 3 cm
À3
), (cm À1 ), n (À), m (À), and (À) are shape parameters of the retention and the conductivity functions, K sat is the saturated hydraulic conductivity (cm d À1 ), and m ¼ 1 À 1/n.
[10] The SWAP model considers for several combinations of the top (atmospheric) and bottom boundary conditions [van Dam et al., 1997] . Moreover, it contains water management modules for irrigation and drainage modules as well as process-based crop growth models including WOFOST for simulating the impacts of weather, soil type, plant type, and water management on the crop growth [van Dam et al., 1997 , van Dam, 2000 . The SWAP model calculates the potential evapotranspiration (ET pot ) according to the Penman-Monteith equation using daily meteorological data. The partition of ET pot rate into potential transpiration rate (T pot ) and potential evaporation rate (E pot ) is determined by the leaf area index or the soil cover fraction. The potential evapotranspiration (ET pot ) is calculated using the minimum value of canopy resistance and actual resistance. Then the actual evapotranspiration (ET act ) is calculated by the root water uptake reduction due to water and salinity stress.
Genetic Algorithm
[11] Genetic algorithms (GAs) are powerful search algorithms based on the precept of natural selection [Holland, 1975; Goldberg, 1989] . The unknown parameters in a search problem are represented by genes, which are arranged in an array called chromosome. The search starts by initializing a population of chromosomes becoming the starting points in the search across the search surface. The suitability of a chromosome is evaluated using a fitness function. Based on their fitness, they are selected to the mating pool, reproduce through the process of crossover, and allowed to mutate. The solution of the search problem would be the fittest chromosome that survives after many generations. In this study, a modified-microGA was used to search for the parameter set (p) by minimizing the error between the simulated and observed soil moisture in the layered soil column. The modified-microGA is a GA variant that uses a micro population to search for the solution of the inverse problem. The uniqueness in the modifiedmicroGA is the ability to restart when the chromosomes of the micropopulation are nearly 90% similar in structure, allowing more micropopulation restarts [Ines and Droogers, 2002; Caroll, 1996; Goldberg, 2002; Krishnakumar, 1989 ; D. L. Carroll, Fortran genetic algorithm (GA) driver, available at www.cuaerospace.com/carroll/ga.html]. The modified-microGA allows a creep mutation (at base 10). Ines and Mohanty [2008a] added an intermittent jump mutation to further introduce new genetic materials during the search. A time saving mechanism was designed by remembering not only the elite chromosome of the previous generation (g-1) but also its remaining chromosomes such that when they are generated in the next generation, there is no need to run them anymore in the SWAP model, saving computational time [Ines and Honda, 2005] . The elite chromosome is always reproduced in the next generation.
[12] The modified-microGA was applied to the inverse modeling (IM)-based layer-specific soil moisture assimilation scheme [Ines and Droogers, 2002; Mohanty, 2008a, 2008b] . The search spaces for each Mualem-Van Genuchten parameters in the multilayered soil system as used in this study are shown in Table 1 .
Parameter Uncertainty
[13] When an elitist modified-microGA converges to the solution, all of the chromosomes in a population are almost similar. To create some sort of uncertainty bounds to the solution, a multipopulation generated by various random number generator seeds (e.g., À1000, À950, and À750) were run concurrently. After many generations, the average fitness of all the chromosomes from the multipopulations is calculated and classified as above or below average. The above average solutions are considered as the most probable solutions. The 95 percent confidence interval (95PCI) of the most probable solutions was calculated as, Range p;s;t;i ¼ 95pci p;s;t;iþ 95pci p;s;t;iÀ ;
where 95PCI p,s,t,iþ and 95PCI p,s,t,iÀ are the upper and lower boundary of the 95PCI, p is the soil hydraulic parameter, s is the index of soil type, t is the time (running) index, and i is the soil layers.
[14] Pearson's correlation (R 2 ) and uncertainty analysis (Mean Absolute Error-MAE, Mean Bias Error-MBE, and Root Mean Square Error-RMSE) between observed and simulated data are also used to assess the performance of the modified-microGA,
jð obs;i;t À sim;i;t Þj
where, sim;i;t is the average soil moisture of different populations with the time index (t), sim;i is the average of sim;i;t , obs;i;t is the observed soil moisture for the time index (t), and obs;i is the average of obs;i;t , respectively. Note that the MBE and RMSE were tested only for the field experiments. [15] This study estimates the effective soil hydraulic parameters in a layered soil column adopting the layer-specific soil moisture assimilation scheme based on the inverse modeling approach [Ines and Mohanty, 2008a , 2008b , 2009 . The numerical experiments were conducted for three cases : (1) case 1: layered soil column with free drainage, (2) case 2: layered soil column with varying water table depths (i.e., À200, À150, and À100 cm from the soil surface), and (3) case 3: field experiments.
Numerical Experiments
[16] The soil profile layering is given as follows: the 1st (top 0-10 cm), 2nd (10-60 cm), and 3rd (60-200 cm) soil layers ( Figure 2 ). The topsoil moisture (1st, 0-5 cm; 2nd, 10-15 cm; 3rd, 60-70) below the soil interfaces were only extracted and used for quantifying the soil hydraulic parameters in the soil layers for Cases 1 to 3, respectively. In real-world conditions, soil profiles are irregularly layered, thus the decision for selecting the layer depths where soil moisture observations will be compared with simulations should be based upon the available data. For all the simulations, the soil column was discretized into 33 computational layers. The first soil layer was finely discretized at intervals of 1 cm. The second and third soil layers were discretized at intervals of 5 and 10 cm (except 33rd layer with 20 cm discretization), respectively. For the free-draining case, the initial soil water pressure head distribution in the soil profile was prescribed uniformly at À150 cm. For the cases with groundwater table bottom boundaries, they are prescribed with initial soil water pressure head distribution in hydrostatic equilibrium with the initial water table depths. Various land covers (bare soil, grass, and wheat) representative of annual crops in the study area (Little Washita Watershed, Oklahoma) were considered for the numerical experiments.
[17] In the hypothetical cases, we used the soil hydraulic parameter values from the UNSODA database as reference soil hydraulic data for the given soils in each soil layers. Using the weather data at the Little Washita (ARS 134) site in 1997, we generated synthetic daily soil moisture datasets using SWAP in a forward mode. These daily soil moisture data were then used to estimate back the soil hydraulic parameters for the layered system. Several field sites were selected to evaluate the applicability of the layer-specific soil moisture assimilation scheme under actual field condition in case 3 (Figure 3 ). Some details of the different cases are given below.
Case 1: Layered Soil Column Under Free Drainage Condition
[18] Some of the uncertainties in the estimation of soil hydraulic parameters in the soil system can be associated with various environmental factors (e.g., root density, rooting depth, soil layers, different combinations of soil types, and profile arrangement, etc.). For this reason, we conducted nine inverse modeling scenarios for case 1 comprising of various soil types, soil layers, and vegetation combinations. As base case scenarios, the six scenarios were composed of layer combinations of sandy loam, silt loam, and clay loam along the soil profile with grass cover. These scenarios aimed at assessing the effects of soil layering and heterogeneity in the subsurface (Table 2 , where CB1 to 6 denote soil layering combinations).
[19] The other three scenarios included varying the vegetation covers, e.g., bare soil, grass, and wheat to evaluate the impact of varying vegetations in the layer specific data assimilation procedure using only the CB 5 case (Table 2) . Also analyzed are the interactions between water stress by crops (T act /T pot ) and near-surface (0-5 cm) soil moisture changes near the land surface using the CB 5. This study considered only rain-fed conditions for the numerical cases. 
Case 2: Layered Soil Column Under Various Groundwater Table Conditions
[20] Under cases when soil moisture dynamics in the unsaturated zone is governed significantly by shallow water table, additional experiments with various water table depths (À200, À150, and À100 cm from the soil surface) were conducted. This case aimed to assess the effects of groundwater on the estimates of effective soil hydraulic properties (only for CB 5 in case 1-grass cover) using the layer-specific soil moisture assimilation approach.
Case 3: Field Experiments
[21] The layer-specific soil moisture assimilation scheme was applied to the several field monitoring sites within the Little Washita (LW 02, 07, and 11) watershed in Oklahoma using datasets from the Southern Great Plains Hydrology Experiment 1997 (SGP97) Heathman et al., 2003, Das and .
[22] Daily weather datasets (e.g., precipitation, solar radiation, relative humidity, minimum and maximum temperature, and wind speed) were collected at the USDA Agricultural Research Service (ARS 136 and 151) micronet and the Oklahoma Mesonet weather stations from January 1-December 31, 1997. The LW 02, 07, and 11 sites are characterized by a mixture of loam, sandy loam, and sandy loam with grass covers, with a rooting depth of (up to) 100-120 cm  Table 3 ]. The bottom boundary condition was unknown at the field sites. Therefore, we tested free-drainage conditions and several groundwater table depths (À100, À150, and À200 cm) as bottom boundaries and selected the bottom boundary condition (free-drainage conditions for the LW 02, 07, and 11 were selected), with the best performance (fitness) obtained by the genetic algorithm.
[23] In this study, the soil core samples extracted from the different soil depths (1st, 0-5 cm; 2nd, 30-35 cm; 3rd, 60-65 cm for LW 02; and 1st, 0-5 cm; 2nd, 20-25 cm; 3rd, 40-45 cm for LW 07) collected during the SGP97 (18 June to 18 July, 1997) were analyzed to obtain the soil hydraulic parameters in the laboratory experiment. Using the laboratory derived soil hydraulic properties, we estimated the soil moisture in the soil layers for the field sites with the hydrological (SWAP) model in a forward modeling mode. These soil moisture data were used to estimate back the heterogeneous soil hydraulic properties across the soil profile to test if the layer specific assimilation method could successfully match the laboratory derived soil hydraulic parameters (also known as, forward-backward modeling under actual field condition setting). This part of the study does not serve as a validation of the method because there were no measured soil moisture profile data available at the sites to derive independently the layer soil hydraulic parameters, but aimed to ascertain the utility of the approach under field conditions. We compared the derived soil hydraulic properties by inverse modeling, with UNSODA soil hydraulic data [Leij et al., 1999] and the laboratory-derived data.
[24] The case of LW 11 is more of calibration-validation study. The daily (in-situ) soil moisture observations (21 days; DOY: 169-181) measured by the time domain reflectometer (TDR) probe in the soil layers (1st, 0-5 cm; 2nd, 20-25 cm; 3rd, 40-45 cm) were used for calibration, then validation runs were done for DOY: 182-197. Validation here means that we used the derived layered soil hydraulic parameters to simulate soil moisture for the remaining days. The modeling soil column was composed of three layers (1st, 0-20 cm; 2nd, 20-40 cm; 3rd, 40-60 cm for LW 11) determined by the depths at where the soil moisture were measured. The derived soil hydraulic parameters were compared with laboratory-derived parameters (no data at deeper depths from our SGP97 hydraulic property database near-by).
Results and Discussions
[25] In this study, various combinations of soil layers, soil types, vegetations, and groundwater table depths are used for studying their impacts on estimation of soil hydraulic parameters in a layered soil domain. The following sections present the results of the inverse modeling experiments.
Case 1: Layered Soil Column Under Free Drainage Condition
[26] We estimated the (h) and K(h) curves in the layered soil profile using the combinations (CB 1 to 6) of three soil types in Figure 4 . The estimated (h) in CB 1 to 6 corresponded well with the reference curves although the uncertainty bounds showed increasing trends with soil depths. On the other hand, the estimated K(h) in the layered soil profile is more uncertain than (h), suggesting that K(h) is more difficult to estimate than (h) in a layered system with soil moisture information only being used in the inverse modeling. We observed that soil hydraulic parameter estimation is influenced not only by soil layering, but also the order/sequence of vertical heterogeneity in the soil profile. CB 6 for example, although clay loam and silt loam soils were located in the 1st and 2nd layers, their (h) and K(h) uncertainty bounds have broader range (more uncertainty) than those at the 3rd layer, while when they are located in other arrangements, they are better identified.
[27] Table 4 presents the correlations (R 2 ) and uncertainties (MAE) of observed and simulated soil moisture dynamics in the top portion (near the soil layer interfaces) of the 1st (between 0-5 cm), 2nd (between 10-15 cm), and 3rd (between 60-70 cm) soil layers for the 6 combinations involving three different soil types at the ARS 134 site. Mostly, the simulated soil moisture estimates in the soil layers matched well with the observations in the range of R 2 (1st, 0.974-0.999; 2nd, 0.978-0.998; 3rd, 0.980-0.997) and MAE (1st, 0.004-0.016; 2nd, 0.004-0.020; 3rd, 0.001-0.012) as shown in Figure 4 .
[28] Figure 5 shows the daily precipitation, water stress (T act /T pot ), and soil moisture changes for CB 5 (only shown here for CB5 case). Under the rain-fed condition, the water stress by the crop (grass) corresponded to the weather condition. As the near-surface soil moisture becomes dry, the water stress level for the CB 5 increased considerably during the dry periods indicating that the plant activities were affected by the dry condition near the land surface. The soil moisture estimates in all the layers were identified well with the target values and the uncertainties in the 1st layer (between 0-5 cm depth) are higher than those in the 2nd (between 10-15 cm depth) and 3rd (between 60-70 cm depth) layers. It is evident that there are uncertainties involved in (h) and K(h) estimates, because the soil moisture estimates reflect uncertainties associated with various conditions (e.g., vegetation covers, soil hydraulic properties or meteorological data, as well as functional errors of the hydrological model itself for estimating the soil moisture). The correlation (R 2 ) and MAE values of the simulated and observed (hypothetical) soil moisture estimates in the numerical experiments range from 0.990 to 0.996 and 0.001 to 0.013, respectively.
[29] Various land covers (e.g., bare soil, grass, and wheat) were applied to CB 5 as shown in Table 5 . The soil hydraulic parameters with the bare soil cover were better identified with the target values than those with grass and wheat, although the estimates in the 2nd and 3rd layers have uncertainties, especially for K sat . In the cases of grass and wheat, the parameter uncertainties in the 1st and 3rd layers were considerably higher than those in the 2nd layer. This is more evident when compared with the results of bare soil, which indicates that complexities incurred by plant root activities to soil moisture dynamics in the root zone. The parameters in the 3rd layer have more uncertainties than those in the 1st and 2nd layers with all vegetation covers as shown in Table 5 . There are no apparent differences between grass and wheat vegetations, although the K sat ) at 0-5 cm, 10-15 cm, and 60-70 cm depths in the layered soil column using the (h) and K(h) functions derived by the layer-specific soil moisture assimilation scheme at the ARS 134 site (case 1-CB 5: free drainage with grass).
values in the 2nd and 3rd layers with grass are better identified than those with wheat.
Case 2: Layered Soil Column Under Varying Groundwater Table Conditions
[30] This analysis is done only for the CB 5 soil-layering scenario. Table 6 shows the summary of results of the layered soil column with the groundwater table depths of À200, À150, and À100 cm from the soil surface. We can see a visible trend which indicates that the soil hydraulic parameters in the 1st, 2nd, and 3rd layers with the presence of deeper groundwater (GW) table depth of À200 cm are identified better than the estimates for the scenarios with shallow GW tables at À150 and À100 cm. The , n, and res values for GW À200 cm in the 1st layer correspond well with the target values, while only the values for GW À150 and À100 cm have a good matching with the target values. For the 2nd layer, the solutions of the hydraulic parameters (, n, res , and sat ) for all the groundwater table depths of À200, À150, and À100 cm are better matched compared to the results of the 1st layer indicating that it may be affected by the root activities more than other The scheme for CB5 is 1st, clay loam; 2nd, sandy loam; 3rd, silt loam. The ground water tables are at À200, À150, and À100 cm. b UNSODA database [Leij et al., 1999] .
layers as shown in Table 5 . Overall, the parameter estimations at the GW À200 cm are matched better with the target values than those at the GW À150 and À100 cm. Especially, as the groundwater table is lowered, the n, sat , and K sat values at the GW À150 cm in the 1st layer were identified better than those for the GW À100 cm indicating that the parameter estimations at the upper layers are influenced by the upward flows from shallow groundwater table [see Ines and Mohanty, 2008a] .
[31] In the 3rd layer, close to groundwater boundary, only and K sat values are identifiable with the target values. The errors of estimation in the 3rd layer are considerably worse than those in the 1st and 2nd layers. The inverse solutions for case 2 (in the presence of groundwater tables) have more uncertainties than for case 1 (well drained). In general, the uncertainty range (695PCI) of soil hydraulic parameters with GW at À200 cm is smaller than those for GW at À150 and À100 cm. It confirms that soil hydraulic estimates in the layered soil column are governed not only by soil layering but also by the bottom boundary conditions, especially in the presence of shallow groundwater table.
Case 3: Field Validation Experiment
[32] Figures 6 and 7 show the daily rainfall and simulated/observed soil moisture in the 1st (LW 02, and LW 07, 2nd (LW 02, and LW 07, , and 3rd (LW 02, and LW 07, layers at the field sites during the simulation period based on the inverse modeling. In general, (h) at the LW 02 and 07 sites derived by the layer-specific soil moisture assimilation scheme matched well with the observations, although uncertainties exist in the estimated (h) functions for the 1st, 2nd, and 3rd layers. When we compared the K sat values of UNSODA database and laboratorybased experiments in Table 1 estimates in the layered soil column identified well with the estimates derived by the soil hydraulic parameters taken near the LW 02 and 07 sites. The soil moisture estimates in the 1st layer at the field sites have more uncertainties than those in 2nd and 3rd layers. These results are in agreement with the results of CB5 in case 1, which indicate that the estimated soil moisture with the grass cover in the 2nd and 3rd layers are closer to the target values than those in the 1st layer, as shown in Figure 5 . The derived soil hydraulic properties compared well with UNSODA, based on dominant textural class. Figure 8 shows the measured (TDR-based) and simulated soil moisture dynamics in the soil layers at the LW 11 site. Overall, the simulated results (R 2 : 0.891, MAE: 0.018 for the 1st layer ; R 2 : 0.967, MAE: 0.006 for the 2nd layer; R 2 : 0.894, MAE: 0.034 for the 3rd layer) for the calibration period matched well with the measurements. The result (R 2 : 0.965, MAE: 0.051 for the 1st layer; R 2 : 0.891, MAE: 0.035 for the 2nd layer ; R 2 : 0.949, MAE: 0.037 for the 3rd layer) for the validation period also shows the good matching in the soil layers at the field site. The derived soil hydraulic parameters by inverse modeling in the 1st layer (0-20 cm) compared well with the independently measured soil hydraulic parameters from laboratory. Table 7 presents the uncertainty analysis of estimated soil moisture dynamics for the soil layers using various objective functions (additive absolute value, multiplicative absolute value, and additive square delta forms) with three different methods (MAE, MBE, and RMSE) at the LW 11 site. It is clear that the additive absolute value form of the objective function used in this study produced better results than by the multiplicative and square delta forms for the calibration and validation. Also, The MAE and RMSE performed similarly during the calibration and validation whereas the MBE was less sensitive than others.
[33] Although this method has a limitation (available measurements in the soil layers), it gives us insights of the implication/impact of soil heterogeneity and layering in quantifying soil hydraulic parameters in the layered soil column. With more in situ soil moisture networks in place globally (e.g., Oklahoma Mesonet, Soil Climate Analysis Network : SCAN, USDA-Agricultural Research Service: USDA-ARS network, National Ecological Observatory Network : NEON, International Soil Moisture Network : ISMN, etc.) and data available in the recent years at multiple soil depths from benchmark experiments, this layerspecific assimilation method can prove to be quite useful for predicting the soil moisture dynamics in the soil layers.
Conclusion
[34] In this study, a layer-specific soil moisture assimilation procedure based on simulation-optimization (SWAP-GA) scheme was developed to quantify effective soil hydraulic parameters in the layered soil profile. Various numerical experiments with the conditions of free drainage, presence of groundwater tables at several different depths, different vegetation covers, and field experiments were conducted. The impacts of soil layers, heterogeneity of different soil textures, and different land covers in a vertically layered soil column were evaluated in case 1 using the layer-specific soil moisture assimilation scheme. Case 2 was conducted to evaluate the impacts of various groundwater table depths with a grass cover. The field experiments of case 3 were conducted for assessing the applicability of this approach at the field-scales (LW 02, 07, and 11 sites).
[35] The results of case 1 show that the soil layers and order/sequence of vertical heterogeneity of soil textures affect the uncertainties of parameter estimations due to complex signature of soil water in the layered soil profile. Also, the estimated parameters in the 1st and 3rd layers with the grass and wheat covers have relatively more errors than that of the bare soil. It may indicate that the hydrological model has the own weakness for simulating plant root activities in the root zone. In case 2, we found that as the groundwater table becomes deeper, the estimates of soil hydraulic parameters improved as well as the results with the free drainage condition. These results suggest that the bottom boundary condition has a large influence on the hypothesis of layer-specific data assimilation studies. In the field experiments of case 3, the soil moisture dynamics and Figure 6 . (a) Daily precipitation (mm), (b-d) observed/simulated root zone soil moisture dynamics, and (e-g) (h) functions of target, derived solutions, and UNSODA database (dominated by loam soil) at the 1st (0-30 cm), 2nd (30-60 cm), and 3rd (60-90 cm) in the LW 02 site (ARS 136) using the layerspecific soil moisture assimilation scheme. and (e-g) (h) functions of target, derived solutions, and UNSODA database (dominated by sandy loam soil) at the 1st (0-30 cm), 2nd (30-60 cm), and 3rd (60-90 cm) in the LW 07 site (ARS 151) using the layer-specific soil moisture assimilation scheme.
(h) functions were only estimated at the LW 02 and 07 sites using the layer-specific soil moisture assimilation scheme, because of the limited observations. The simulated near-surface and subsurface soil moisture estimates at the field sites identified well with the field observations (derived by the soil hydraulic parameters obtained from the soil core samples collected at the field sites), even though the soil moisture estimates near the land surface have slightly higher uncertainties than those in the deeper soil layers. The simulated soil moisture dynamics in the soil layers were also matched well with the in situ measurements for the LW 11 site. It suggests that the layer-specific assimilation scheme based on inverse modeling could be used to model soil moisture dynamics in the layered soil profile even with the limited soil moisture measurements in the real world conditions. We envisaged that the new soil moisture assimilation procedure would be useful for vadose zone and land surface modeling in well-instrumented hydrologic system. In future, with the advent of advanced soil moisture remote sensing capabilities with deeper penetrating depths, this layer-specific assimilation platform can be useful for estimating large-scale effective soil hydraulic properties under heterogeneous/layered soil condition, as the near-surface assimilation proved to be useful in homogeneous soil conditions in the past studies [Ines and Mohanty, 2008a , 2008b , 2009 . Figure 8 . (a-c) Observed (in-situ) and simulated root zone soil moisture dynamics and (d-f) (h) functions of target (1st layer was only measured), derived solutions, and UNSODA database (dominated by sandy loam soil) at the 1st (0-20 cm), 2nd (20-40 cm), and 3rd (40-60 cm) in the LW 11 site (ARS 136) using the layer-specific soil moisture assimilation scheme during the calibration (DOY 169-181) and validation periods. The objective functions are additive absolute, multiplicative, and additive square delta forms. The three different methods are Mean Absolute Error-MAE, Mean Bias Error-MBE, and Root Mean Square Error-RMSE. The layer-specific soil moisture assimilation scheme that the calculations are based on is, during the calibration, DOY 169-181, and during the validation, DOY 182-197. b The layer at 0-20 cm. The layer at 40-60 cm.
